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Abstract: Fire scar detection through orbital data can be done using specific techniques, such as the
use of spectral indices like the normalized burn ratio (NBR), which are designed to help identify
burnt areas as they have typical spectral responses. This paper aims to characterize burn severity and
regrowth in areas hit by three fires in the Chapada Diamantina National Park (Bahia, Brazil) and its
surrounding area through the differenced normalized burn ratio (dNBR) and relative differenced
normalized burn ratio (RdNBR) spectral indices. The data acquired were pretreated and prepared
adequately to calculate the indices. We conclude that for the study area, considering the limitations
of fieldwork, the multitemporal index dNBR and the relative index RdNBR are important tools for
classifying burnt areas and can be used to assess the regrowth of vegetation.
Keywords: burnt vegetation; digital image processing; Landsat-8 OLI sensor; spectral index
1. Introduction
In 2015, the Chapada Diamantina National Park (Bahia, Brazil) was ravaged by several fires that
lasted four months from September to December, a typical fire period in the region, as demonstrated
by previous studies [1–3]. To manage such an environment, we need to look at the impact of fires
therein since their increase in frequency and intensity has been documented in several ecosystems and
represents a significant impact on global warming, given that fires often entail a great loss of biomass
and release of carbon, which can contribute to changes in local climate [4–9].
In this sense, the terms fire intensity and severity are often used to globally define the degree of
environmental change caused by fire immediately thereafter [9–12]. The intensity therefore describes
the rate at which a fire produces thermal energy [13], that is, the release of energy, which is influenced,
among other factors, by the amount of combustible material available for burning.
Fire severity, on the other hand, can be defined as the magnitude of change caused in the ecosystem
by a fire, and its relation with the impacts on the environment is in part determined by the thermal
gradient felt in the soil [9,10,14,15]. Therefore, from a broad perspective, fire severity can be defined
as the degree of changes in soil and vegetation caused by the fire [16], as it quantifies the short term
effects of the fire [12].
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The term most often used in Brazil as a synonym for fire severity is that of the severity of burnt
areas, which represents both the short and long term effects, for example, postfire recovery [9,10,12].
Thus, the severity of the fire defines how the ecosystems respond to a fire and can be used to describe
the effects of the fire on the soil, water system, flora and fauna of ecosystems, the environment,
and society [13]. However, the relation between fire intensity and severity is still largely uncertain
because of the difficulties found in relating intensity to the impacts observed [13,17]. The concept of
burn severity proposed by Keeley [18] implies that fire intensity describes the physical combustion
process of energy release from organic matter.
Therefore, fire severity is correlated with fire intensity once fire severity refers to the loss or
decomposition of organic matter aboveground and belowground. Metrics for this parameter vary
with the ecosystem. Including mortality is consistent with the definition of fire severity as a loss of
organic matter; however, it is only advisable when dealing with forest trees that lack any resprouting
capacity [18].
After a fire, several changes occur as it burns up vegetation, leaving the soil partially or completely
bare and, among other effects, changes the humidity thereof. Remote sensing provides feasible
approaches to describe fire patterns in various ecosystems, given that satellite images are often used to
limit fire boundaries and characterize the mosaics burn severity [8–10,12,19].
The detection of forest fires using orbital data, such as satellite images, can be done using specific
techniques, such as the calculation of the fire rating through the normalized burn ratio (NBR), which is
designed to help identify burnt areas as they have typical spectral responses. Data from the Landsat
satellite TM sensor are widely used to calculate the NBR radiometric index and its variations, a fact
that has contributed to the development of studies with the application in operational land imager
(OLI) sensor data since this is the continuance of the TM sensor [10]. Thus, in Landsat series data
the near infrared reflectance (NIR) band is sensitive to the amount of chlorophyll in leafy vegetation
and the short-wave infrared reflectance (SWIR) band is suitable for the detection of moisture content,
both in vegetation and in soils [8].
The application of the NBR index is appropriate for detecting changes in the landscape affected by
the fire and is said to be effective to identify burnt areas. This is because changes in the NIR reflectance
generally indicate changes in the photosynthetically active vegetation, which is susceptible to be reduced
by fire, while changes in the SWIR reflectance are associated with the reduction of photosynthetically
active vegetation, moisture content, ash deposition, and increased soil exposure [9,10,18,20,21].
The removal of vegetation and the deposit of charcoal by the action of the fire normally result in a
drop in the postfire NIR and high postfire SWIR [10]. The multitemporal difference of the NBR is the
differenced normalized burn ratio (dNBR), which aims to assess the extent and severity of the burnt
area through the relation between the prefire and postfire NBR, which can help with understanding the
severity level [22]. It was assumed to be directly proportionate to the intensity of the fire and widely
used to map out the severity thereof [10,23].
The relative differenced normalized burn ratio (RdNBR), in another way, is the relative index
of the dNBR, which considers that the classifications of the dNBR relative data can be more precise,
on average, for the category of high burn severity than that of the classifications of dNBR derived
from a universal set of thresholds applied to multiple fires [24]. The use of the relative index should
be considered when seeking to map fires for which we have no severity data, based on field surveys,
to assist and validate the classification thereof [24].
For all these reasons, the analysis of satellite images is a valuable tool for the mapping of burnt
areas and assessing the severity of fires as it offers an adequate spectrum and spatial resolution [16].
Determining the perimeter of the fire and identifying the levels of severity within it facilitates the
decision-making process aimed at restoring the affected areas. It also allows for the analysis of the fire
impact on the postfire vegetation. In this sense, this work aims to characterize the degree of severity
and regrowth following the three fires that occurred in the Chapada Diamantina National Park (PNCD)
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and its surrounding area in 2015, using the dNBR and RdNBR spectral indices calculated in Landsat
8 images.
2. Materials and Methods
2.1. Study Areas
This paper focuses on three areas hit by fires in 2015 in the Chapada Diamantina National Park
(Figure 1) that correspond to three fires that occurred in the 2015 season [2,3]. The first two of which
occurred within the boundaries of the Chapada Diamantina National Park and the third one in its
surrounding area.
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Figure 1. Location of the study areas. The Chapada Diamantina National Park (PNCD) is represented
in light gray. The dashed line corresponds to the 10-kilometre buffer (surrounding area). The study
areas correspond to polygons with black outlines (the scars of the fires identified from the application
of the normalized burn ratio (NBR) spectral index).
The region where the Chapada Diamantina National Park (PNCD) is located corresponds to the
prolongation, in the Bahia State, of the Espinhaço Orographic System that starts in Minas Gerais and
enters Bahia. The conservation unit is situated in the plateau geographically known as the Sincorá
Mountain, with an altitude ranging from 400 to 1700 m [25]. The diverse altitude and relief influence
the occurrence of various climates (Köppen climate classification) in the area under study: caatinga (a
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type of desert vegetation, and an ecoregion characterized by this vegetation in interior northeastern
Brazil [1]) warm climate—BSwh; altitude tropical climate—Cwb; and subhumid tropical climate—Am’
(SEI, 1998). According to the Lençóis weather station (12◦33′ S, 41◦22′ O, 400 m), part of the National
Meteorological Department (DNMET) situated near the PNCD, the mean annual temperature in 2015
was 31 ◦C and the total annual precipitation was only 47.1 mm [3].
The natural vegetation of the study area is generally called mosaic because of its great diversity.
Different types of vegetation coexist in small areas, conditioned by small lithological, topographical,
hydrological, and microclimate variations. In general, the main vegetation formations found in
Chapada Diamantina are: “campo limpo” (clean fields), “campos rupestres” (rocky fields), “campos
gerais” (grassland fields), “cerrado”-type vegetation (savannah-like vegetation), and “matas or Floresta
estacional” (forests or bush or deciduous forest) (Figure 2). There are also transition zones with their
own characteristics where species of two or more ecosystems coexist [25–27].
The “campo limpo” and the “campo rupestre” are cerrado-type rocky formations. The presence
of shrubs and subshrubs in the “campo limpo” is insignificant. The structure of some of the sections of
the “campo rupestre” are similar to those of the “campo sujo” (shrubs and some small trees) or of the
“campo limpo”, differentiated by both the substrate, formed by rocky outcrops, and the variety of flora,
which includes many endemic plants [28].
“Campos rupestres” (rocky fields) are formed by open vegetation growing on rocky outcrops
at more than 800 m, characterized by the combination of altitude, bedrock, low water availability,
and wide temperature variations. Specific species can grow on bare rock, for example, some orchids,
cacti, and bromeliads. Some species like the canelas-de-ema (Vellozia genus) are well adapted to withstand
fire, which is rather frequent in these regions [26].
The “campos gerais” (grassland) are characterized by grass-type of vegetation on deep soil, flat,
and sandy terrain above 1000 meters in altitude. In general, the species are of the lowland type, up to
30 cm high. Trees and shrubs are usually nonexistent. The soils in these regions are acidic and hardly
fertile, providing very few nutrients to plants. Although these “campos gerais” resemble grassland or
pastures, a closer look reveals species with stiff leaves coated with silica, being unfit for cattle grazing.
The most common species in this environment are monocotyledons, with Gramineae, Cyperaceae, and
Eriocaulaceae (sempre vivas) prevailing.
The “floresta estacional” (deciduous forest) is an ecosystem found in the Atlantic Forest,
characterized especially by a climate with two well-marked seasons: a dry season and a rainy
season. Both present high tree density and are home to various animals and smaller plants [29]. The
forest cover of the PNCD is linked to the presence of watercourses and higher altitude environments,
as well as to developed soils. Forests are thus found in valleys and on some mountain tops. There is
also an extensive forest area along the eastern edge of the Sincorá Mountain, taking up 13.1% of the
Park area [26,27].
The National Park was established in an area of time-immemorial occupation and use that today is
under protection and conservation. The main activities carried out over the centuries by the populations
living on the Sincorá Mountain are mining, the use of native pastures, farming activities, the picking of
natural flowers, the hunting of native animals, and the removal of rocks [26]. However, some of these
activities ceased when the PNCD was established.
In Brazil, little is known about the dynamics of fires in regions such as Chapada Diamantina,
where the “campos rupestres” predominate, given that the outburst of fires in this ecosystem can
be a natural disturbance, and human activity tends to increase the repetitiveness and extension of
this phenomenon [30]. In the case of the PNCD, some studies point to the fact that, although the
conservation area has experienced wildfires after it was established, some of the park regions have not
been affected by fires for many years [31].
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Figure 2. Main phytophysiognomies found in study area: (a) general view of the clean field; (b) clean
field in the foreground and rocky outcrop in the rocky field in the background; (c) rocky field;
(d) cerrados; (e) a view of the semideciduous forest (FES) on the northern slope of the mountain; and
(f) inside the FES. Photos: T.L. Vieira [32].
2.2. Data Acquisition and Processing
Images from the operational land imager (OLI) sensor onboard the Landsat-8 satellite (Table 1)
were used to assess burn severity and postfire regrowth. The images were acquired from the catalog of
images provided by the United States Geological Survey (USGS) (http://earthexplorer.usgs.gov/). The
selected images corresponding to the orbit/point 217/069, the period corresponding to the fire season
in the region, between the months of September to December [3], were determined as a temporal
filter, then the images with the lowest cloud cover were selected for the study area, to facilitate the
identification of burnt areas during the 2015 fire.
Table 1. Characteristics of the operational land imager (OLI)/LANDSAT-8 images.
Fire Point/Orbit Prefire Image Postfire Image Regrowth Image Sensor
Gerais do Vieira 217/069 08/28/2015 09/25/2015 11/30/2016 OLI/Landsat8
Machobongo 217/069 08/28/2015 12/14/2015 11/30/2016 OLI/Landsat8
Close to Mucugê 217/069 08/28/2015 12/30/2015 11/30/2016 OLI/Landsat8
Accordingly, five images of the OLI sensor were chosen; the prefire image from 28 August 2015 and
the postfire images from 25 September 2015, 14 December 2015, 30 December 2015, and the regrowth
Geosciences 2020, 10, 106 6 of 19
image from 30 November 2016 (see Table 1). For the georeferencing and recording phase, through
the imagery–imagery method of the scenes, we first used the scene from 21 May 2001, georeferenced
and orthorectified, available on the Global Land Cover Facility website of the University of Maryland
(http://glcf.umiacs.umd.edu/) and obtained a root-mean-square error (RMS) less than 0.5 pixels. All
images were recorded in UTM (Universal Transversal Mercator) zone 24 S, with WGS 84 (World
Geodetic System 84) datum.
In the preprocessing phase, digital numbers (DN) were converted to radiance values (see
Equation (1)), and after the conversion, the images were corrected atmospherically to reduce the
spectral distortions caused by the scattering of electromagnetic radiation resulting from the interaction
with the atmosphere. The method used for atmospheric correction was FLAASH (Fast Line of sight
Atmospheric Analysis of Spectral Hypercubes), which is based on the MODTRAN (Moderate-Resolution
Atmospheric Radiative Transfer Model) radiative transfer model to remove the effects of atmospheric
scattering and absorption [20,33]. A mean altitude of 1.6 km was used, with a rural aerosols model,
a visibility of 40 km, and a tropical atmospheric model.







where gain—gain for each band available on the image metadata [dimensionless]; offset—offset for
each band available on the image metadata [dimensionless]; pixel value—image’s digital number
values [dimensionless].
2.3. Spectral Indices
The spectral index of the fire using the normalized burn ratio serves to identify the perimeter of
burnt areas. The NBR is a normalized difference index (see Equation (3)) that is based on the reflectance
data for bands 5 and 7 of the OLI sensor, which pinpoints the burnt areas. Band 5, corresponding to
the near infrared (NIR), has a spatial resolution of 30 m and is equivalent to the spectral range of 0.85
to 0.88 µm, band 8, corresponding to the shortwave infrared 2 (SWIR), has a spatial resolution of 30 m,
which is equivalent to the spectral range of 2.11 to 2.29 µm.
To evaluate bitemporal change detection, we considered the bispectral SWIR–NIR space (see
Figure 2) [10,16,21]. If a spectral index is appropriate for a physical change of interest, in this case,
the reduction of fire-induced vegetation, there is a clear bispectral relation between the change and
the direction of the offsets in space [21]. In an ideal scenario, the bitemporal trajectory of a pixel is
perpendicular to the first bisector of the Cartesian coordinate system. This is illustrated in Figure 2 for
the nonburnt offset (U) and for the optically (O) detected burnt area [16,21].
NBR = (NIR− SWIR)/(NIR + SWIR) (2)
where NIR corresponds to band 5 of the Landsat-8 OLI sensor and SWIR corresponds to band 7 of the
Landsat-8 OLI sensor.
Using the bitemporal difference of the preprocessed NBR images we calculated the dNBR (see
Equation (3)) [10,23]. Teobaldo and Baptista [22] noted that the dNBR enhances the changes between
the NBR scenes, highlighting the presence of fires; thus, an attempt was made to study the regrowth
capacity based on this very index, that is, subtracting the postfire images from other subsequent dates
called regrowth (see Equation (4)).
dNBRs = NBRpre − NBRpost (3)
dNBRr = NBRpost − NBRregrowth (4)
where NBRpre—prefire data; NBRpost—postfire data; NBRregrowth—regrowth data; dNBRs—dNBR
severity; and dNBRr—dNBR regrowth.
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The RdNBR (see Equation (5)), the relative index of the dNBR, usually uses the mathematical
formulation of a relative variation index, which consists of dividing the value of change by the value of
the predisturbance index. The absolute variation index is converted into a percentage, and the resulting
relative variation index changes linearly with the variable of interest, which in our case is severity [24].
To this end, this study also uses the RdNBR (see Equation (5)) to evaluate regrowth, considering
that Teobaldo and Baptista [22] suggest changing the RdNBR, as proposed by Miller and Thode [24],
to verify the efficiency of the regrowth of vegetation in burnt areas in such a way as to relativize and







where RdNBRs is RdNBR severity and RdNBR is RdNBR regrowth.
The severity levels proposed by Key and Benson [10] (Table 2) were used to classify the severity
and regrowth indices. The user can decide on the width and number of levels depending on the
application requirements. However, we commonly employ a seven-layer configuration, which has
proved to be useful in a variety of ways [10]. The dNBR value intervals may change between paired
scenes. Values of less than about −500 or greater than about +1300 may also occur. If they do, they will
not be considered as burnt. Instead, they will be concealed as anomalies caused by the lack of recording,
clouds, or other factors not related to real differences in land cover [10].
Table 2. Severity levels and dNBR×103 and RdNBR×103 interval.
Severity Level Map Legend dNBR and RdNBR Range
Enhanced regrowth, high −500 to −251
Enhanced regrowth, low −250 to −99
Nonburnt −100 to +99
Low severity +100 to +269
Moderate-low severity +270 to +439
Moderate-high severity +440 to +659
High severity +660 to +1300
The two first severity levels (see Table 2) reflect areas where productivity increased after the fire.
They occur almost exclusively in grass patches where the dNBR can be strongly negative, indicating
areas of increased postfire productivity (the postfire NBR is much higher than that of the prefire). The
typical nonburnt pixels are found close to zero on the scale. The last four levels include all other burnt
areas where the dNBR is distinctively positive (the postfire NBR is much lower than that of the prefire);
they cover what is normally recognized as recently burnt [10].
3. Results and Discussion
The NBR multitemporal difference, that is, the dNBR index and the RdNBR relative index,
have recently become the standard fire severity measurements, using data from the Landsat satellite
because of their ease of implementation, since they generally have a large spectral separation that can
be achieved between the near-infrared and the short-wave infrared bands, and because of the unique
combination of moderate spatial resolution data captured in these regions [6,9,10,12].
From the calculations of Equation (2), it was possible to observe the NBRpre, NBRpost,
and NBRregrowth values for the images used. Key and Benson [10], who developed the NBR,
compartmentalize the index based on data slicing and indicate that the theoretical range varies between
−1.0 to 1.0. The pixels with a positive response represent productive vegetation. An NBR close to “0”
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indicates that clouds, grasses, exposed soil, or rocky outcrops may occur, and if pixels have a negative
NBR, this suggests severe water stress on plants and the negative trace created within fires. Thus, it is
important to consider that the results of recent fire normally vary from “0” to strongly negative [10].
The dNBR (Equations (3) and (4)) integrates the NBR’s multitemporal data sets in a single gradient
or unidimensional scale, so the dNBR has a theoretical range from −2 to +2 or −2000 to +2000, scaled by
103 [10]. To calculate the RdNBR (Equations (5) and (6)), if the NBR prefire is scaled by 103, the index
should be divided by 1000 in the RdNBR formula. Thus, the absolute value of the NBR prefire, in the
denominator, allows the calculation of the square root without changing the sign of the original dNBR;
the function of the absolute value in the denominator is necessary as the square root of a negative
number necessarily results, in mathematical terms, in an imaginary number. The positive dNBR and
RdNBR values represent a decrease in vegetation, while the negative values represent an increase in
vegetation cover [10,24].
The analysis of the dNBR and RdNBR spectral indices is presented in the following sections.
3.1. The Fire in Gerais do Vieira
The altitude of the region called Gerais do Vieira ranges between 1200 and 1600 meters; it is
situated north of the PNCD and its vegetation is of the “campo limpo” (clean field), “campo rupestre”
(rocky field), and a small area of “floresta estacional” (deciduous forest) (Figure 3).
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Figure 3. Example of the pre/postfire trajectory of a pixel in the short-wave inf ared reflectance–near
inf ared reflectance (SWIR–NIR) space. A pixel r t ( ) to burnt (B). O resembles the
position of an optically sensitive burnt pixel. Th dNBR is sensitive to offs ts | UO | and insensitive to
offsets | OB | [16].
Table 3 presents the NBRpre, NBRpost, and NBRregrowth data obtained from the calculation
done on the Landsat-8 image. As regards the NBRpre data, it was found that pixels varied between
−0.774 and +0.799; the NBRpost data were found in the interval between −0.460 and +0.792, while the
NBRregrowth data are between −0.149 and +0.803.
Table 3. Theory and observed bands, considering the pixels corresponding to the NBR indices for the
Gerais do Vieira fire.
Theory OLI/Landsat-8
NBRpre [−1.0, +1.0] [−0.774, +0.799]
NBRpost [−1.0, +1.0] [−0.460, +0.792]
NBRregrowth [−1.0, +1.0] [−0.149, +0.803]
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The calculation of the NBRpre, NBRpost, and NBRregrowth enables the study of change detection
by means of visual analysis through multitemporal visualization, that is, RGB composition figures
were organized with the index images (see Figures 4b and 5b).Geosciences 2020, 10, x FOR PEER REVIEW 9 of 20 
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Figure 5. Pictures of: (a) colored composition image corresponding to the regrowth image for the
Gerais do Vieira fire, data from the Landsat-8 7-5-4 RGB OLI sensor and (b) multitemporal visualization
of the regrowth area (2016) corresponding to the Gerais do Vieira fire, RGB NBRpre, NBRpost,
and NBRregrowth.
In Figure 4b, the red channel was related to the NBRpre index and the gre n and blue chan els
to the NBRpost index. This technique proves to be efficient for detecting the burnt area. Thus, we
were able to calculate the fire area, which corresponds to 1791.1 ha. Figure 4b cor esponds to the
multitemporal visualization of the regrowth change, with the red channel bei g related to the NBRpost
index and the green and blu channe s to the NBRregrowth index.
Using Equations (3) and (5), the d BR and d BR indices for t e erity cl sses re tai e .
As such, Figure 6 presents the burn severity clas es of the Gerais do Vieira fire obtained in the images
used in It is important to consider that th severity effects show variations wi in the
same bu nt area [23] and at the determination of th fire perimeter, as well a its distributio and
th severity levels within it facili ate dec sion-making, as this type of ti f l for unit
conservation managers seeking to understand the effects of fires in ecosystems, for example, the
recovery of vegetation and its postfire sequence [10,16].
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Is possible to see that the results obtained from the OLI sensor/Landsat-8 data prove to be 
efficient for delimiting the burnt area and for classifying the different severities (see Figure 6). The 
results of the analysis of the dNBR and RdNBR behavior, according to the severity level, demonstrate 
that the pre and postfire NBR indices are adequate t.o delimit between burnt and nonburnt pixels, 
while the dNBR and RdNBR indices add to this the breakdown of the degrees of severity experienced. 
The continuous dNBR and RdNBR data sets can be stratified into ordinal classes or severity 
levels to simplify the description and comparison of fires. Therefore, the data obtained from the 
calculation of indices have identified areas from the nonburnt class to the high severity class for the 
Gerais do Vieira fire.  
The regrowth data were obtained by calculating Equations (4) and (6). Parker et al. [9] analyzed 
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authors to understand that the Landsat postfire images, captured 68 days after the date of ignition, 
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the aftermath of the 2015 fire was quite high. 
Figure 6. The severity of the burnt area identified by the dNBR and RdNBR indices for the Gerais do
Vieira fire (classification by Key and Benson [10]).
Is possible to see that the results obtained from the OLI sensor/Landsat-8 data prove to be efficient
for delimiting the burnt area and for classifying the different severities (see Figure 6). The results of the
analysis of the dNBR and RdNBR behavior, according to the severity level, demonstrate that the pre
and postfire NBR indices are adequate t.o delimit between burnt and nonburnt pixels, while the dNBR
and RdNBR indices add to this the breakdown of the degrees of severity experienced.
The continuous dNBR and RdNBR data sets can be stratified into ordinal classes or severity levels
to simplify the description and comparison of fires. Therefore, the data obtained from the calculation
of indices have identified areas from the nonburnt class to the high severity class for the Gerais do
Vieira fire.
The regrowth data were obtained by calculating Equations (4) and (6). Parker et al. [9] analyzed
the effects of vegetation regrowth from the calculation of the dNBR index, due to the latent period
between fire ignition and the date on which the Landsat image was captured. This allowed the authors
to understand that the Landsat postfire images, captured 68 days after the date of ignition, indicate
that the spectral signature of fire severity was likely to have reduced, underestimating the severity
of the fire, which can be attributed to the rapid regeneration of vegetation, thus indicating regrowth.
In this sense, the analysis of the regrowth of vegetation in the Gerais do Vieira region hit by the fire in
the Chapada Diamantina National Park (Figure 7) means that the regrowth capacity in the aftermath
of the 2015 fire was quite high.
The dNBR overestimates the regrowth in the nonburnt area and low regrowth and underestimates
the remaining classes, while the RdNBR index highlights the high regrowth class. When comparing
them both however, we observe that in some areas the dNBR index identifies as low regrowth places,
the RdNBR index identifies high regrowth in areas previously burnt.
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Figure 7. Regrowth of the burnt area identified by the dNBR and RdNBR indices for the Gerais do
Vieira fire (classification by Key and Benson [10]).
3.2. Fire Close to Mucugê
The fire occur d east of the Mucugê municipality, in an area surrounding the cent al area of the
PNCD, with altitudes ranging from 1000 and 1300 meter , that has a “clean field” and “rocky field”
type of vegetation [32].
Table 4 presents the data obtained from the calculation done on the Landsat-8 image. As regards
the NBRpre data, it was found that the pixels varied between −0.508 and +0.718; the NBRpost were
between −0.616 and +0.708; as for the NBRregrowth data, the interval was between −0.181 and +0.732.
Table 4. Theory and observed bands, considering the pixels corresponding to the NBR indices for the
fire close to Mucugê.
Theory OLI/Landsat-8
NBRpre [−1.0, +1.0] [−0.508, +0.718]
NBRpost [−1.0, +1.0] [−0.616, +0.708]
NBRregrowth [−1.0, +1.0] [−0.181, +0.732]
Just as before, a change detection analysis was performed using visual analysis, through
multitemporal visualization, that is, an RGB composition figure was organized with the index
images (see Figures 8b and 9b). We were thus able to calculate the fire area, which corresponds to
2837 ha.
Using Equations (3) and (5), we obtained the dNBR and RdNBR indices for the severity classes.
Figure 10 presents the severity classes of the fire near Mucugê, obtained in the images used to develop
this study. We found data in all the described classes in that area.
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ear ucugê, data from the OLI Landsat-8 7-5-4 RGB OLI sensor and (b) multitemporal visualization f
the regrowth area (2016) corresponding to the Mucugê fire, RGB NBRpre, NBRpost, and regrowth.
The r r th data were obtained by calculating Equations (4) and (6). The analysis of the area
burnt by the fire near the Mucugê municipality is presented in Figure 11. The results of the data
processing enabled us to quantify the areas of each class of regrowth for the dNBR and RdNBR indices.
As noted in the previous data, the dNBR overestimates the regrowth in the nonburnt area and
low regrowth and underestimates the remaining classes, while the RdNBR index highlights the high
regrowth class. When comparing them both however, we observe that in some areas the dNBR index
identifies as low regrowth places, the RdNBR index identifies high regrowth in areas previously burnt.
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3.3. The Fire in Gerais do Machobongo
The fire occurred in the Gerais do Machobongo region, which is situated in the southern part of
the Chapada Diamantina National Park, with altitudes ranging from 700 to 1400 meters, and has a
“clean field” and “rocky field” type of vegetation [32] and a small area of “deciduous forest” [28].
Table 5 presents the NBRpre data in which the pixels varied between −1.0 and +0.851; the NBRpost
data were between −1.0 and +0.823; and as for the NBRregrowth data, the interval was between −1.0
and +0.885.
Table 5. Theory and observed bands, considering the pixels corresponding to the NBR indices for the
fire in Gerais do Machobongo.
Theory OLI/Landsat-8
NBRpre [−1.0, +1.0] [−1.0, +0.851]
NBRpost [−1.0, +1.0] [−1.0, +0.823]
NBRregrowth [−1.0, +1.0] [−1.0, +0.885]
Again, a change detection analysis was performed using visual analysis through multitemporal
visualization, that is, RGB composition figures were organized with the index images (see Figures 12b
and 13b). We were thus able to calculate the fire area, which corresponds to 15,931 ha.
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Gerais do Machobongo fire, data from the Landsat-8 7-5-4 RGB OLI sensor and (b) multitemporal 
visualization of the burnt area in the Gerais do Machobongo fire, NBRpre/NBRpost/NBRpost RGB. 
Figure 12. Pictures of: (a) colored composition image corresponding to the postfire image for the
Gerais do Machobongo fire, data from the Landsat-8 7-5-4 RGB OLI sensor and (b) multitemporal
visualization of the burnt area in the Gerais do Machobongo fire, NBRpre/NBRpost/NBRpost RGB.
To obtain the severity data, we used Equations (3) and (5) to calculate the dNBR and RdNBR
indices. Figure 14 presents the severity classes of the fire in the Gerais do Machobongo region.
The regrowth data were obtained by calculating Equations (4) and (6). The analysis of the regrowth
area in the Gerais do Machobongo fire is presented in Figure 15. The results of the data processing
enabled us to quantify the areas of each class of regrowth for the dNBR and RdNBR indices.
As noted in the previous data, dNBR overestimates the regrowth in the nonburnt area and low
regrowth and underestimates the remaining classes, while the RdNBR index highlights the high
regrowth class. When comparing them both however, we observe that in some areas the dNBR index
identifies as low regrowth places, the RdNBR index identifies high regrowth in areas previously burnt.
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for the Gerais do Machobongo fire; data from the Landsat-8 7-5-4 RGB OLI sensor; and (b)
multitemporal visualization of the regrowth a ea (2016) corresponding to the Gerais do Machobongo
fire, NBRpost//NBRregrowth/NBRregrowth RGB.
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Figure 14. The severity of the fire identified by the dNBR index relating to the Gerais do Machobongo
fire (classification by Key and Benson [10]).
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3.4. Discussion
In this work, the in obj ctive was to characterize the degree of sev rity and regrowt after
three fires occurred using the spectral indices dNBR and RdNBR. The dNBR method, or the change in
bands 5 nd 7 of Landsat 8, contrasts with the R NBR i dex that measures e proportional change
tha occurs in the same bands with relative values.
Our hypothesis was that RdNBR would be a better estimator of the severity of fires and the
regrowth of vegetation because it is a relative index [29]. Ours results indicate that dNBR is capable of
separating severity and regrowth levels well concerning RdNBR. In a study developed by Miler and
Thode in 2007 [24], the authors state that in homogeneous vegetation, the dNBR and RdNBR indices
would produce similar estimated precision as also observed by Soveral and collaborators in 2010 [34].
In this study, vegetation is homogenous and predominant in the “fields” type, a fact that may
have contributed to the results found and to the underestimation of the high severity class by the
RdNBR index. In general, the regional models developed in this study were developed and applied to
other areas of the globe with other vegetation contexts. For the studied area, there are still few studies
on applications of remote sensing techniques to assess the severity of fire and regrowth of vegetation.
Historically, the indiscriminate use of fire in the Chapada Diamantina National Park is very
common and it is so frequent that the reserve suffers from fires every year [26]. The use of fire has
been at the root of almost all traditional activities in the region, economic or otherwise, even within the
National Park boundaries. Fires occur mostly between August and March. Although the dry season
occurs from August to November, the highest risk period is extended to March, as the environment
needs to have had sufficient rain in order not to catch fire [27].
Based on the work of Mesquita et al. [31], using the satellite images between 1973 and 2010,
the analysis focused on the extent of the areas affected by fires in the park and its surrounding
area (10 km). The results show that in 37 years fires affected 61% of the park area and 37.6% of its
surrounding area. A possible relation between the occurrence of the El Niño phenomenon and the
most severe events in that park was also reported.
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It should be noted that between 1985 and 2010 about 39.57% of the PNCD areas were not affected
by fires [31], in some areas up to nine fire events were identified in the same area, and up to four fire
events were reported in 59.41% of the conservation area. However, as noted above, it was only in 2008
that 41.93% of the Park area was struck by fires.
The areas studied historically have recorded recurrence of fires. For 2015, the burning severity
obtained by the dNBR spectral index indicated that the fires studied were classified mainly as moderate
to high severity, whereas the RdNBR spectral index identified, for the most part, the high severity
class. For the results on vegetation regrowth, the dNBR indicated the low regrowth and high regrowth
classes and the RdNBR index the high regrowth class.
The study developed for the three fires that occurred in 2015 shows results for the severity of the
fires obtained through spectral indices, identifying that the fires were predominantly serious, with a
low severity class confined in valleys, lower areas, areas close to roads, and limits of fire scars as
previous studies point out [35].
Our study shows the possibility of monitoring areas affected by fire using remote sensing methods
and indicates a high predictive capacity of the attributes of the fire regime to recover postfire vegetation
after forest fires in fire-prone ecosystems. This information can help managers to predict the postfire
recovery capacity of forests, according to their specific fire regime, so they can be used to adopt
appropriate management strategies, focused on the prefire status in each scenario.
4. Conclusions
The NBR index proved to be sensitive to pre and postfire offsets of the pixels affected by the
fires, within the SWIR–NIR space. Based on the methodology used in this work, the pre and postfire
difference index (dNBR) is adequate for distinguishing between nonburnt pixels and pixels affected by
the fire.
We can conclude that the use of the multitemporal dNBR index and the RdNBR relative index are
important tools for classifying burnt areas in the area under study. It was found that by applying the
indices to the areas burnt by the fires under study, the vegetation regrowth rate was quite significant
one year after the fires.
It is noteworthy that for the study area, the months that show rainfall indexes do not show
themselves as adequate periods for the analysis of vegetation regrowth, as it mixes with the resumption
of vegetation vigor after the rains return and thereby masks which is regrowth of the burnt area
concerning to the greenness of the vegetation [29].
The burning can have effects on the phytophysiognomic diversity in the area after the fire, since
the efficiency of the grinding wheel is primarily due to the high rate of herbaceous regrowth and can
affect the region’s biodiversity. The regrowth should be further studied in the field and with that,
observe which species are favored by fire and if it is used for local diversity.
It is important to take into consideration that the historical information on fire severity and
regrowth, obtained from the Landsat images, can provide valuable data for an effective management
of natural resources. Studies should be encouraged to map the recurrence of fires in the area and to
understand the landscape patterns created by the fire, as well as the monitoring of the regrowth of
the affected areas and their relationship with severity [22]. This information will be highly valuable
for forest managers to understand the consequences of even more acute fire regimes as observed for
the area studied in 2008 and 2012 [3], as it will help in the implementation of effective restoration and
environmental education actions [35].
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